Abstract-Sudden trips of generation or large system load threaten bulk power systems (BPSs) secure and reliable operations. With the increasing deployment of Phasor Measurements Units (PMUs), system operators are thrilled to receive instant notifications of sudden disturbances and be aware of where, when, and what type of disturbances the system is experiencing. The amount of power imbalance is one of the fundamental information of the interests of both system operators and academic researchers. The PMU-based applications estimate the magnitude by interpreting the dynamic frequency responses immediately after a disturbance occurrence. However, the accuracy of the traditional method is unsatisfying because it oversimplifies the relation between the imbalance magnitude and the frequency response. This paper proposes to estimate the magnitudes of power imbalances based on multiple linear regression. It considers several other system and environmental factors and identifies those factors strongly associated with the disturbance magnitude. The approach is applied to actual generation trip events happened in two of the main power grids in North America. Compared with the traditional method, the proposed approach demonstrates improved accuracy.
INTRODUCTION
The sudden occurrence of a power imbalance in power systems, such as the loss of generators or a large amount of load, leads to instant frequency deviations from the nominal value. Analysis of generation trip events in a wide-area power grid is important for system secure operation. More specifically, system operators and power engineers are willing to know the details of every disturbance about when, where, what kind of disturbance at once, and then assess how it may influence system operation, etc. It also benefits pinpointing the source of any abnormal conditions quickly and takes preempt actions to prevent further damages as necessary. Besides, the disturbance magnitude is one of the fundamental parameters in system operation and control, such as frequency control [1] , economic dispatching [2] , under-frequency load shedding [3] , demand response, islanding, etc. The accuracy of the analysis results influences other research results validity. Since the power imbalance magnitude is important information in situational awareness, it is worthwhile to increase its estimation accuracy in order to improve the performance of many other associated applications.
With the increasing deployment of PMUs, which measure grid phasor attributes using Global Position System (GPS) signal, system dynamic information is available at a high-time resolution. Using synchrophasor measurements to analyze system disturbances becomes dominant [4] . As a pioneer widearea monitoring system deployed at the distribution level (WAMS), FNET/GridEye has been continuously monitoring power systems in North America and worldwide for more than a decade [5] . As shown in Fig. 1 , FNET/GridEye has deployed more than 200 Frequency Disturbance Recorders (FDRs) over the U.S power grids. Multiple online and offline applications are operating on FNET/GridEye [6] [7] . Several approaches have been developed to estimate the disturbance magnitude. Preliminary, the method proposed by Ling Wu 1 C.M. Laffoon and J.F. Calvert in 1927, is to measure the weight and the temperate rise of the cooling medium to determine the generator loss under actual operating conditions of a specific generator [8] . However, its applicability is limited to specific generators and includes time delay. More general methods for direct estimation using phasor measurements can be categorized into two groups: 1) using the rate of change of frequency; 2) using the frequency deviations before and after disturbances. However, they have several shortcomings [1] . By using the rate of change of frequency, the value of power deficiency can only be precisely estimated at the initial instant of the disturbance, but it is difficult to determine the exact initial moment of the disturbance in practice for a large system due to electromechanical wave propagation. In addition, determining the system frequency bias factor (i.e. system inertia) is subordinated to the combined inertia of online generators, which is not a handy parameter for a large power system, especially in de-regulated environments [9] . Therefore, the method is utilized mostly for small power systems rather than large interconnections such as the U.S. Eastern Interconnection (EI) system. Applying the second approach, which multiplies the frequency deviation by a coefficient, to a serial of real generation trip events happened in EI shown very low accuracy in disturbance magnitude estimation. The reason is that it excessively simplifies the relation and ignores many impact factors, such as the seasonal change of the system and the system load characteristics, etc. In this paper, it is proposed to estimate the magnitude of power imbalances based on multiple linear regression pursuing better accuracy than the traditional method.
The remainder of this paper is organized as follows: Section II introduces the typical frequency response of generation trip disturbance. Sections III describes the fundamentals of multiple linear regression method. The method is applied to actual power systems as illustrated in section IV. Section V demonstrates the improvement compared with the traditional approach running on FNET/GridEye, and section VI concludes this paper.
II. POWER SYSTEM GENERATION TRIPS DETECTION
At FNET/GridEye, frequency measurements collected from distributed sensors are utilized to detect trips of generations. Under normal operations, system frequency varies around the nominal value within an acceptable range. For interconnections in North America, the nominal frequency is 60 Hz. When there is a significant imbalance between power supply and demand, a series of system controls respond to the contingency immediately. The frequency deviates from the nominal values after the disturbance and settles when the controls completely arrest the deviation. Fig. 2 presents a typical frequency response to power supply loss.
It can be seen from Fig. 2 that the frequency decreases right after a large amount of power supply reduction caused by a generation trip. This sudden frequency deviation activates the event detection tool on FNET/GridEye due to a high rate of change of frequency. Operators will be informed both the contingency occurrence and basic information on the contingency such as how much generation is disconnected. Typically, the amount of power imbalance is estimated by simply assuming that the disturbance magnitude is proportional to the frequency deviation, leading to a very poor accuracy. In this paper, multiple impact factors are considered to investigate their significance in disturbance magnitude estimation and further improve the estimation accuracy. 
III. METHODOLOGY

A. Multiple linear regression
Multiple Linear Regression (MLR) is a predictive analysis approach used to discover the relationship between the target and predictors by fitting a linear equation to the observed data. Besides, it is able to identify variables that are strongly correlated with the target variable. The basic theory of MLR can be found in [10] [11] . Particularly, the estimation of sudden power imbalance magnitude is accomplished by a linear combination of variables according to (1).
The main idea of this method is to extract the relationships between power imbalance and other variables { 1 , 2 , …, } from historical disturbances and utilize their relationships to estimate the power imbalances of future disturbances. { 1 , 2 , …, } denote system variables when a disturbance occurs, which have linear relations with the imbalance magnitude and are obtainable using present techniques. These factors include but are not limited to the following items: the pre-disturbance (referred as Point A) frequency, post-disturbance (referred as Point B) frequency, nadir frequency (referred as Point C), the slope of frequency changes, seasons, time of day, day of week, and peak hour, etc. { 0 , 1 ,…, } are regression coefficients. They can be obtained through analysis on a large amount of historical data points. is the residual, which is normally subject to the normal distribution with 0 as the mean value and variance . By applying the MLR algorithms, the linear regression line is obtained by minimizing the sum of deviation squares.
Besides the transient frequency during disturbances, the load is considered as one factor that is highly related to the correspondence between frequency profiles and power imbalance. However, for the actual large power systems, the system load condition is not always available. Since the system load has seasonal and daily characteristics, in this paper, several factors of the moments of disturbance occurrences are used to reflect the load, including the season, the peak hour, and weekday/weekends. In Table I , the attributes "Summer", "Winter", "Off-Peak", and "Day" columns describe different aspects of the disturbance occurrence time. If both "Summer" and "Winter" are negative, the season is either "Spring" or "Autumn". It is commonly known that the system load in "Spring" and "Autumn" is lighter than that in "Summer" and "Winter". "Initial Slope", "Nadir slope", "Freq A", "Freq B", and "Freq C" represent the characteristics of frequency response to the disturbance. These variables, directly or indirectly, determine the correspondence between disturbance magnitudes and the frequency deviation after a disturbance. In this paper, these factors are analyzed to build an MLR model to estimate disturbance magnitudes.
IV. MODEL ESTABLISHMENT
In an MLR model, variables can be analyzed and categorized as significant and non-significant factors. Adding a significant variable to a regression model makes the model more accurate while incorporating an unimportant variable would impair prediction accuracy. Therefore, the optimal MLR model should only include significant variables and minimize the fitting error.
Based on the method and analyzed parameters depicted in section III, historical generation trip events happened in two bulk power systems (BPSs) in North America, Eastern Interconnection (EI) and Western Electricity Coordinating Council (WECC), from January 2013 to March 2015 were analyzed. Eventually, the principal variables that are strongly correlated with the magnitude of power imbalance in EI are identified as frequency values at point A and point C, the season, the initial and nadir slopes of the frequency decline during inertial frequency response. The MLR model for disturbance magnitude estimation of EI is shown in (2). is the frequency nadir, and represent the initial and nadir slopes of frequency decline during inertial frequency responses [12] .
A hypothesis test is conducted to check the validity of a claim made on a population [13] . The hypothesis test uses a pvalue to weigh the strength of evidence. The p-value is a number between 0 and 1 and interpreted in the following way:
 A small p-value (typically ≤ 0.05) indicates strong evidence against the null hypothesis.  A large p-value (> 0.05) indicates weak evidence against the null hypothesis.  A p-value very close to the cutoff (0.05) is considered to be marginal evidence.
In a nutshell, variable with a small p-value indicates a strong association with the target prediction variable, the disturbance magnitude in this model. Particularly for EI model, the coefficient of each variable in (2) and corresponding hypothesis test results are shown in Table II . In Table III , the RSquare value tells how close the data are to the regression line. It is also known as the coefficient of determination for multiple regression. The higher the RSquare is, the better the model works. The root mean square error (RMSE) measures the differences between values estimated by the MLR model and actual observations. Mean of response is the mean of the analyzed event magnitude values. Combined with the hypothesis test, MLR coefficients can be determined based on two general criteria: the RSquare value is as high as possible; and every variable is significant.
As mentioned previously, the traditional approach assumes a static proportional correlation between the size and the frequency deviation. Herein, the traditional method is referred as the "static-beta method". Based on the same observations, the fitting indexes of traditional static-beta method are calculated and presented in Table III . Both RSquare and RMSE indicate that the MLR model fits the training dataset better than the static-beta method. By using the MLR model to EI system, the estimation RSquare is improved by 36%, and the RMSE is reduced by 17%.
With respect to the MLR model for EI, it is noticed that the size of power imbalance is significantly correlated with not only the frequency values at specific points, but also the speeds of frequency changes after the disturbances. Besides, the magnitude estimate is also strongly influenced by the seasons. For example, the same frequency deviation can be caused by a smaller loss of generation in shoulder-load seasons compared with summer and winter peak-load seasons.
The approach is applied to historical generation trip events happened in WECC from January 2013 and March 2015. As a result, the regression model for WECC is the same as in (2) with different values of coefficients.
The corresponding coefficients and hypothesis test results of the WECC regression model are listed in Table IV . The fitting summary is displayed in Table V . Considering the high RSquare value, and the hypothesis test results which are all less than 0.05 risk level, the MLR line is considered to be effectively fitting for the power imbalances of generation trip events in WECC. By using the MLR model to WECC system, the estimation RSquare is improved by 43%, and the RMSE is reduced by 35%. It is noticed that the characteristics of frequency response and season are still the significant factors to estimate the magnitude of power imbalances. The coefficients for the EI and WECC are different in scale (for intercept, Freq A, Freq C, initial slope and nadir slope) and even in sign (for peak seasons) due to differences in system capacities and operation characteristics. 
V. MODEL VALIDATION
Historical generation trip events from January 2013 to March 2015 are used as the training dataset to establish the MLR models for estimating power imbalance magnitudes of EI and WECC. In this section, different actual generation trip events happened from April 2015 to September 2015 in each grid are used to verify the models. Two approaches, the staticbeta method and the MLR based method, are applied to the same testing events in EI and WECC.
The error distribution of the testing events in EI is presented in Fig. 3. a. Static-beta estimation error distribution b. MLR based estimation error distribution Figure 3 . Estimation error distribution comparison for EI As noticed from Fig. 3 , the peak of the error distribution of the static-beta approach locates around 100 to 200 MW, severely skewed from the zero. Apart from these events, the estimation errors of the rest events spread over a wide range between positive and negative 400 MW. For the MLR based method, the peak of the error is moved closer to zero compared with the static-beta approach. Detailed statistic metrics of the error distributions including the mean error, standard deviation are shown in Table VI . It can be seen that the MLR based method performs with smaller error mean value, standard deviation and standard error mean. The same comparison is conducted on the generation trip events happened in WECC from April 2015 to September 2015. The estimates error distributions of the two approaches are shown in Fig. 4 . Fig. 4 , it is noticed there is an obvious error distribution peak around -100 to -150 MW for the static-beta method. It means the static-beta method mostly underestimates the power loss. Nevertheless, the error distribution peak in MLR based method is within 50 MW. The probability of large errors is also less than the static-beta approach. In addition, the error is more evenly distributed in terms of positive and negative values. The error distribution statistic metrics of applying the two methods in WECC are summarized in Table  VII . With less error mean value and smaller standard deviation, the MLR based approach performs more accurately on estimating the size of tripped generation in WECC. 
VI. CONCLUSION
This paper proposed and implemented an adaptive approach to estimate the magnitude of power imbalance using multiple linear regression method. It utilizes the dynamic phasor measurements and considers other system factors to establish the model. Based on the analysis of actual generation trip disturbance synchrophasor measurements in large power systems, it identifies the significant variables that are strongly correlated with the magnitude of power imbalance, including the system frequency at different key points during the response, and the seasonal factor at the moment of the disturbance occurrence. Using actual events as the testing dataset, it is demonstrated that MLR model is able to estimate the size of power imbalance with higher accuracy than the traditional method.
